We present results from tracking the temporal evolution of community structures within a research specialty. This extends our previous work in which we generated static community maps that combine co-author networks and direct citation networks derived from 20-years of publications in the research specialty. Here, we explore how the temporal evolution of these maps can be used to provide insights into the historical evolution of a field as well as extract more accurate snapshots of the community structures at a given point in time. Such time resolved mappings are an important component in our mixed method approach that integrates network analysis with ethnographic field studies to investigate field-specific communication and collaboration behaviors in scientific communities . Evaluating these maps in qualitative interviews with field experts will be the next step in our research.
INTRODUCTION
The mapping of scientific communities and their collaboration networks (Morris & Van der Veer Martens 2008) is flourishing for a number of reasons. The increase of services that provide access to bibliographic data on scholarly publications such as dedicated search engines, commercial databases, and subject-specific and institutional repositories, promises the growing availability of a comprehensive, machine-readable corpus for this kind of analysis.
Complementing this is the emergence of sophisticated algorithms for the analysis of complex networks (Newman 2003) and the wide availability of advanced user-friendly network analysis and visualization tools like pajek, gephi and VOS Viewer. These technical advances are met by a growing interest of science policy to improve the empirical base for data based decision-making, as evidenced for example by the SciSciP program at NSF 1 . Maps of science help to visualize, compare and track through time data on specific entities (such as institutions or research groups) for evaluative purposes (Rafols et al. 2010 ). In our work we are interested in science maps to support a mixed-method approach that integrates network analysis with the ethnographic study of research specialties to understand field-specific patterns in behaviors such as data sharing and collaborative practices .
Scientific research specialties are a complex interwoven social and cognitive phenomenon. Sociologically, a research specialty can be defined as a collective production system, that is a constellation of autonomous actors, researchers or research groups, whose activities are indirectly coordinated by a shared knowledge base to which they all strive to contribute (Glaser 2006 , Velden 2013 . Therefore, in order to capture the dynamics of science, the combined analysis of social and cognitive structures is of particular interest (Ding 2011) . In our community mapping approach we focus on the evolution of topics within a research field along with the evolution of collaborative links between research groups in that field. Specifically, to support our empirical field studies we seek to develop tools to facilitate the going back and forth between aggregate community-level structures and the experiences and research trajectories of individual researchers and research groups. In our previous work, we generated static community maps based on data from 20 years of publications in a field. In this paper, we explore how the temporal evolution of these maps can be used to provide insights into the historical evolution of a field as well as extract more accurate snapshots of the community structures at a recent point in time, which then can be used to support the design of ethnographic field or expert interview studies.
METHOD
The data used in this study was extracted from bibliographic records retrieved from the advanced Web of Science web service API in October 2013 using a lexical query to search for topics in the Title, Abstract, Author Keyword, and Keywords Plus fields of publication records. It covers publications in the 22-year period from 1991 to 2012.
The basic entities in our analysis are research groups as represented by co-author clusters in a co-author network (Velden et al 2010) , and topic areas, as represented by clusters of document clusters in a direct citation network . We use the information theoretic clustering algorithm by Rosvall & Bergstrom (2008) for the extraction of clusters from the networks. For those basic entities a topic affinity network and an inter-group collaboration network are constructed, and a topic overlay map is generated that combines information on the publication activity of a research group in a topic area with the group collaboration network.
1. In the topic affinity network, the nodes represent topic areas, i.e. groupings of publications that are closely interlinked by direct citations. Edges represent the relationship between topic areas based on overlap in co-authors or number of inter-citations. To make the analysis tractable we select only the eleven largest topic areas for inclusion in the network. They correspond to 82% of documents in the giant component of the citation network. We develop two annotations to describe and distinguish the subject matter of the topic areas, one derived from the titles of the most popular journals in each topic area, and another derived from specific keywords and their relative frequency in the article titles of the respective.
2. The inter-group collaboration network is a filtered and collapsed version of the underlying co-author network, a process described in (Velden et al 2010) . The nodes represent research groups. Links between these groups are filtered to extract only those (more complex and strong links) that indicate actual inter-group collaboration links, filtering out the residuals from author migration from one to another group or the more ephemeral links of one-off collaborations (oftentimes service collaborations). 3. The topic overlay maps are generated by creating a network partition file that indicates, for each node (group) in the group collaboration network and for each of the eleven largest topic areas, what proportion of a group's publications belong to the respective topic area.
The fact that the nodes in our networks are not atomic but represent clusters of documents or authors, introduces a considerable challenge to capturing and visualizing the temporal evolution of these networks. After all, not just the network structure (i.e. the existence and strength of edges between nodes) changes, but also the very composition of the nodes is dynamic. There is still limited work on the evolution of clustered networks and their visualization that addresses these challenges (Giatsoglou & Vakali 2013 , Holme & Saramäki 2012 , and the applicability of existing work (e.g. Yan et al. 2012 , Rosvall & Bergstrom 2010 , Lin et al 2009 depends on the specific circumstances, such as the type of network and the analytic purpose of the visualization.
We considered two alternatives for introducing temporal dynamics. In the first, a 'semi-static' approach, the nodes (research groups, topics) are derived from the aggregate data, i.e. by clustering the accumulative 1991-2012 coauthor network and document citation network. When using this approach the temporal changes of the network are captured merely by adjusting link strengths and node sizes to reflect the data that falls into the given time window of interest. This approach enables easy identification and tracking of entities (groups, topic) across time but has obvious trade-offs in precision (e.g. one loses information about splits or mergers of entities). In an alternative 'dynamic' approach, the clustering of the underlying network is repeated for each time window to extract dynamic clusters that accurately represent the entity (group, topic) during that specific time window. However, when using this approach, establishing the identity of an entity across time becomes non-trivial. For example, in a coauthor network, the continuity and distinctiveness of a research group may be obscured by the noise of temporary collaborations of this group with other groups. Whereas in the accumulative 20-year data set the bibliographic footprint of a research group can be easily extracted, the pattern in a shorter time window becomes much more vague. Hence we decided to use the semi-static approach for the larger inter-group collaboration network where, due to its size of several hundred groups, tracking the identity of groups across time slices is extremely difficult. For the much smaller topic affinity networks with only eleven nodes, we chose the dynamic approach. In both cases we used 8-year windows to break down the 22-year period into smaller time steps 2 .
RESULTS
In our poster we plan to show visualizations and interpretations of maps of cognitive and collaborative community structures that we produced using the approach described above. Here are some of our main observations:
Evolution of Topic Areas
The accumulative (1991-2012) topic affinity network depicts the research specialty as consisting of an almost linear alignment of research topics that can be associated with specific (sub)disciplines in physics, chemistry and materials science. It stretches from cluster physics, through surface science, materials chemistry to cluster chemistry. The map shows a weak link between the extreme ends of this alignment, between Cluster Physics to Inorganic Chemistry (a new development not yet visible in an earlier 1991-2010 version of this map that is provided in ).
The temporal resolution of the topic affinity networks provides further insights into the underlying dynamics, including some surprises that are not suggested by the static map. The main developments that are suggested by the dynamic affinity network are the following:
1) The emergence of a separate topic area focused on the interaction of clusters with radiation from advanced light sources such as synchrotrons, x-ray free electron lasers or femto and atto second lasers. It first appears in the 1998-2005 map as fifth largest topic area (DC5) and remains visible in the 2005-2012 map as a distinct topic area (DC6) whereas in the earlier map (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) this kind of work was inseparable from the large 'cluster science' topic area (DC1).
2) The growth of the surface science orientation within cluster science and its strengthening link with materials chemistry. In the 1998-2005 time window the strengthening of the affinity link between the two areas DC 2 and DC 3 is very visible; In the time window 2005-2012 surface science has become the dominating topic area among the eleven largest topic areas within the field (DC1), and the materials chemistry areas DC 5 and DC 7 have tight affinity links with it.
3) The emergence and strengthening of a link between the extreme ends of the cluster science topic area alignment. This is only hinted at by the growth of topic area AC6 depicted in accumulative affinity network. The dynamic topic clustering shows for the 2005-2012 time window the emergence of DC3, a large (3rd in size) hybrid topic area that combines (Inorganic) Cluster Chemistry and Cluster Physics and connects Cluster Physics with Materials Chemistry without the Surface Science intermediary.
This suggests that these networks capture changes in the prominence, alignment and interrelatedness of research topics in the field. Of particular interest to us, as we design studies of field differences in behavioral patterns among and within scientific communities, is how these changes in the cognitive structures in the field project onto the social network of inter-group collaborations and what we may learn about important actors in the field and how topic focus and collaborative interconnectivity interact.
Overlay Maps on Collaboration Network
For each of the three 8-year windows in our analysis, our overlay maps on the collaboration network show which groups in the overall group collaboration network of the field focus the majority of their work in one of the 11 largest topic areas of that respective time window. An overall feature of the network structure through all three time periods is its division into two parts and a predominance of inter-group collaborations between groups that share a topical focus. Based on the research focus of groups in the two distinguishable parts of the network, this division seems to reflect the disciplinary orientation of groups towards either chemistry or physics. Initially the network has two unconnected large network components that make this separation very obvious. In the later two time periods, an interconnected giant component has formed, however it still exposes a structural subdivision into two connected subgraphs. This division seems to be slowly diminished by growing collaborative connections between the two parts of the network. Groups that connect major parts of the network can be of particular interest for a qualitative follow-up field or interview study to explore reasons for this increased connectivity along with experiences of potential tensions and challenges when trying to bridge subdisciplinary cultures.
DISCUSSION
The picture that emerges is one in which, on the one hand, (sub-)disciplinary orientations of the groups that contribute to the shared knowledge base of a research specialty remain a rather stable feature. A group that is specialized in one sub-disciplinary area rarely changes its disciplinary orientation entirely. This is in agreement with our ethnographic field studies of research specialties in the physical and chemical sciences. We witnessed occasional strategic hires into a group to extend its local skill set, e.g. to add a synthetic chemistry capability into a largely experimental physics group. However, the foundation of the group remains the sub-disciplinary training of its leader that provides continuity to the research trajectory of the group. Further, for some topic areas, large parts of the inter-group collaboration network are constituted by collaboration links within that topic area. Therefore a significant part of the collaborative work in the field seems to not transcend topic areas that generally correlate with sub-disciplinary orientations.
That said, there are also clear 'connectors', groups that work across two or more areas. Due to their activity we see an overall integration of the collaboration network. Also, there are a couple of topic areas that are hybrid in their (sub)disciplinary orientations. These topic areas and the research groups contributing to them may be of particular interest for the study of interdisciplinary collaboration and exchange in the field.
Hence, time-resolved topic affinity networks and group collaboration network overlay maps provide interesting insights into the socio-cognitive structure of the field and suggest directions for follow-up research. In addition, these overlay maps are valuable resources for planning future ethnographic field studies or interview studies, as they allow us to identify groups in critical positions of the network at specific points in time that may hence be of particular interest to include.
CONCLUSIONS
We have generated time resolved views into the coevolution of topics and collaborative links between research groups in a research specialty. Time resolved maps suggest trends in the field and allow us to identify actors with critical positions for the evolution of the collaborative community network. The maps provide a promising resource that suggests individuals and groups that would be of particular interest to include in future qualitative studies that aim to develop a deeper understanding of the community structures within this field and their evolution over time. A next step in our research will be to validate and test the utility of these maps in interviews with researchers in the field.
